Abstract Functional near-infrared spectroscopy (fNIRS) is an emerging optical technique, which can assess brain activities associated with tasks. In this study, six participants were asked to perform three imageries of hand clenching associated with force and speed, respectively. Joint mutual information (JMI) criterion was used to extract the optimal features of hemodynamic responses. And extreme learning machine (ELM) was employed to be the classifier. ELM solved the major bottleneck of feedforward neural networks in learning speed, this classifier was easily implemented and less sensitive to specified parameters. The 2-class fNIRS-BCI system was firstly built with an average accuracy of 76.7 %, when all force and speed tasks were categorized as one class, respectively. The multi-class systems based on different levels of force and speed attempted to be investigated, the accuracies were moderate. This study provided a novel paradigm for establishing fNIRS-BCI system, and provided a possibility to produce more degrees of freedom in BCI system.
Introduction
Brain computer interface (BCI) provides an alternative pattern for disabled persons to communicate with environment by measuring neural activities associated with brain processing [1] [2] [3] [4] . Various modalities have been used to measure brain signals in BCI, including electroencephalography (EEG) [5, 6] , functional magnetic resonance imaging (fMRI) [7] and functional near infrared spectroscopy (fNIRS) [2, [8] [9] [10] [11] [12] . fNIRS is a novel non-invasive technique applied in BCI [13] [14] [15] [16] . fNIRS is an optical imaging technique which uses light in the range of near infrared to assess brain activities [17] . Near infrared light is passed through brain tissues and the acquired light intensities are used to detect hemodynamic responses in the cerebral cortex [18, 19] . fNIRS is similar with fMRI, both of them can measure blood oxygen metabolism information [20] . However, fMRI technique is expensive and technically demanding, thus fNIRS technique is better suitable for BCI applications [21] .
Recently, there have been several researches in hemodynamic responses for building fNIRS-BCI systems. Power et al. [22] used hidden markov model (HMM) to perform the classification of mental arithmetic and music imagery with an average accuracy of 77.2 % across all participants, providing a two-choice NIRS-BCI system. In the work of Luu et at. [23] , participants were asked to mentally decide which drink they preferred, averaged hemodynamic signals were used as input features and linear discriminant analysis (LDA) was the classifier, resulting in an average accuracy of 80 %. Naseer et al. [24] distinguished hemodynamic responses of left-and right-wrist motor imagery, in the study the linear LDA was used to be the classifier. They found the mean and slope of oxy-hemoglobin signals have distinct patterns, the classification results show the feasibility of fNIRS-BCI system. Sitaram et al. [25] recognized multi-channel fNIRS signals of left-hand and right-hand motor imageries using support vector machine (SVM) and HMM, resulting in average accuracies of 73 and 89 %, respectively.
However, among these fNIRS-BCI systems, the researchers focus on investigating different limbs movement, there is a limitation to produce more degrees of freedom due to the limited number of human limbs. Recently, Hong et al. [26] established a three-class fNIRS-BCI system using the combination of prefrontal and motor cortex signals. Multiclass LDA classifier was utilized to classify mental arithmetic vs. right-hand motor imagery vs. left-hand motor imagery, resulting in an accuracy of 75.6 %. They provided a new experimental paradigm for establishing the multi-class fNIRS-BCI system. In addition, hybrid measurement technique using fNIRS-EEG [27] can also produce more control commands for BCI system. However, there is no research involved in kinematic parameter imagery for building multiclass fNIRS-BCI systems.
In this study, the multi-class systems based on different levels of force and speed attempted to be investigated. Joint mutual information (JMI) was employed to extract the optimal features of fNIRS signals, and extreme learning machine (ELM) was used as the classifier, the accuracies were moderate. This study provided a novel paradigm for establishing fNIRS-BCI system, and provided a possibility to produce more degrees of freedom in BCI system.
Material and methods

Participants
In this study, six right-handed healthy participants performed this experiment (three males and three females, average age: 26.8±3.3). None of them had neurological, psychiatric or other related conditions. The study was approved by the ethics committee of the Shenyang Institute of Automation, Chinese Academy of Sciences. All participants were informed about the experimental procedure before the experiment, and both of them performed written consent for this study.
Optode arrangement
The fNIRS optodes containing 10 illuminators and 8 detectors are arranged on the scalp around motor cortex (C3 and C4 areas). The arrangement of fNIRS optodes is shown in Fig. 1 . The distance between detector and illuminator is fixed at 3 cm. A pair of detector and illuminator makes up one channel. In this study, participants performed right-hand motor imagery, thus only 12 channels located in left hemisphere are used for our research.
Experimental paradigm
Each participant performed six right-hand clenching imageries (three for force and speed, respectively). Before the experiment, participants were trained by real hand clenching. Grip dynamometer was used to measure participants' maximum voluntary contraction force (MVC) for real force training. Force tasks include: (i) 2 s to reach 20 % MVC, and maintain the status to the end of the tasks, (ii) 2 s to reach 50 % MVC and maintain, (iii) 2 s to reach 80 % MVC and maintain. And for real speed training, metronome was applied to train participants' frequency of hand clenching, three tasks are hand clenching with the frequency of 0.5 Hz, 1 Hz and 2 Hz, Fig. 1 fNIRS optodes arrangement. The red-filled squares indicate illuminators and the blue circles are detectors. There are total 10 illuminators and 8 detectors which comprise 24 channels. Only the optodes located in the left hemisphere are our research focus respectively, i.e., the number of clenching is two, one and a half in one second. During each speed task, participants maintain the same clenching strength. After repeated training, muscle memories were formed for different tasks. When participants perform the clenching imageries, the memories will be recalled. Each participant performed three sessions, and each session consists of 60 trials for 6 tasks (i.e., 10 trials for each task). The schematic diagram of one trial is shown in Fig. 2 .
Signal acquisition and processing
In this study, a multi-channel fNIRS data acquisition system (ETG-4000, Hitachi Medical Corporation) was used. This system uses two wavelength light with 695 and 830 nm to obtain concentration changes of oxy-hemoglobin (oxy-Hb) and deoxy-hemoglobin (deoxy-Hb). The raw fNIRS signals are acquired at a sampling rate of 10 Hz. The concentration changes of oxy-Hb and deoxy-Hb are calculated with reference to Modified Beer-Lambert Law, as follows:
where ΔC Hb and ΔC HbO are concentration changes of hemoglobin, is the extinction coefficient, λ 1 、λ 2 are light wavelengths, I is the scattered light intensity from tissues, t 1 and t 2 are two consecutive time points (t 2 <t 1 ), DPF is a differential path factor and d is the distance between the detector and illuminator. [28, 29] .
After achieving oxy-Hb and deoxy-Hb signals, the low frequency drifting was removed using a linear-detrend filter. And each trial was further corrected by subtracting the mean value of baseline time points. The physiological noise was eliminated by Chebyshev I low-pass filter with the cut-off frequency of 0.3 Hz. Then the acquisition rate was downsampled to 1 Hz in order to reduce the burden of computation for classification.
Classification
Feature selection
In this study, due to a low level response of deoxy-Hb and participants performing right-hand motor imagery, only oxyHb concentration changes of left hemisphere were used to construct input features. To eliminate the influence of feature value variations and improve the performance of classifier, each feature vector was scaled to the range [−1 1] using the equation below:
To reduce redundant information and computational burden, the feature selection technique was implemented to identify meaningful features before classification. In this paper, the mutual information criterion was applied to extract relevant features for classification. Mutual information can estimate the information content of each feature with the output class.
In the probability theory, the entropy of a random variable X can be denoted as H(X):
where x denotes a value that the random variable X adopts from χ, p(x) refers to the probability of x. The conditional entropy of the variable X is denoted as follows: 
where S is the already selected feature sets, X k is the candidate feature, and X j is the selected feature, Y is the output. This equation represents the information between the output target Y and joint variable X k X j . This criterion focuses on increasing complementary information between the candidate and existing features.
Classifier
In this study, ELM was adopted for distinguishing force and speed imagery. The algorithm solved the major bottleneck of feedforward neural networks in learning speed, provided a good performance at extremely fast learning speed [31] . ELM for classification is easily implemented and less sensitive to specified parameters [32] . In ELM, the hidden nodes of the single hidden layer feedforward networks (SLFNs) can be randomly generated and the output weights of SLFNs are analytically determined [33] . Given N distinct samples(x k ,t k ), where
T ∊R m , the mathematical model of standard SLFNs with M hidden nodes and activation function g(x) can be defined as
where w i =[w i1 ,w i2 ,…,w in ] T and β i =[β i1 ,β i2 ,…,β im ] T are the input and output weight vectors, respectively, b i is the bias of ith hidden node.
The above N equations can be replaced by a compact format as follows:
where
H is defined as the hidden layer output matrix of the neural network. In ELM algorithm, for the SLFNs, the input weights w i and biases b i are randomly assigned, the hidden layer output matrix H is randomly determined. The output weights β can be computed as:
where H + is the Moore-Penrose generalized inverse of H. In this study, four ELM classifiers were constructed, a 2-class classifier (L1: force versus speed), two 3-class classifiers (L2: 20 % MVC versus 50 % MVC versus 80 % MVC, L3: 0.5 Hz versus 1 Hz versus 2 Hz) and a 6-class classifier (L4: 20 % MVC versus 50 % MVC … versus 0.5 Hz … versus 2 Hz).
Results
Firstly, the hemodynamic responses of different levels of force and speed imagery are compared to check that if six tasks produced disparate patterns. Figure 3 shows that the averaged oxy-Hb responses across all trials from channel 21 of Participant 4. Figure 4 shows topographic images in the left hemisphere across all trials from session 3 of Participant 2. Both of two figures illustrate that there exist discrepancies between force and speed imagery, and among different levels of force or speed, there also exist differences. Table 1 shows the performance of four classifiers with a three-fold cross-validation based on ELM. The set of features was randomly partitioned into three subsets, two sets were used as training set and the remaining was the testing set. In this study, the number of hidden neurons in ELM was selected from 100 to 2000, step is 100. The features were ranked by JMI criterion, and the number of selected features ranged from 1 to 120. The ultimate accuracy was achieved by the optimal parameter combinations. The classification accuracy with different combinations of hidden neurons and features is shown in Fig. 5 . Table 1 also shows the average classification accuracy of 2-class is 76.7 %, 3-class are 61.7 and 64.1 %, respectively, and 41.9 % for 6-class. The accuracy of 2-class is higher than the other classifiers with a 95 % confidence interval (p=0.0012, p=0.0018, p<0.001). The accuracy of 6-class is the lowest compared to other classifiers (p<0.001, p<0.001, p<0.001). There is no significant difference between 3-class for force and speed, respectively (p=0.3909). 
Discussion
Feature selection
In fNIRS-BCI system, the optimal features are commonly extracted to achieve a better classification accuracy. There are a number of methods to select the optimal features for constructing the feature set. In the literature [26] , the researchers investigated different time window combinations during the task period. The optimal time window was selected to achieve a better accuracy. Xu et al. [34] utilized feature discretization algorithm of 'Chi2' and feature optimization of 'MIFS' criterion to improve the classification accuracy, the results show that the accuracy can improve by more than 35 %. Gottemukkula et al. [35] presented a classificationguided method for extracting NIRS features to classify leftand right-hand movements. The combinations of four wrapper methods and three classifiers were investigated, this method can achieve a better accuracy. However, this method for reducing feature dimension is extremely time-consuming. In our study, the original sampling frequency is 10 Hz, then is downsampled to 1 Hz in order to reduce computational burden. Due to a low level response of deoxy-Hb and participants performing right-hand motor imagery, only oxy-Hb concentration changes of left hemisphere were used to construct input features. Consequently, the number of original features is 120 (12 channels×10 s). To reduce redundant information of the original feature set, JMI criterion was utilized to extract the optimal features for classificaiton. The features can be ranked according to this criterion, and the features ranked in front possess a great relevance with the output class. The number of selected features is determined by the best classification accuracy.
Classification
In this study, ELM was used to classify force and speed motor imagery tasks. In ELM, only the number of hidden nodes is defined. The algorithm possesses a fast learning speed and is suitable for online classification. Compared with SVM classifier, ELM achieves a similar or better performance for binary class or multi-class classification cases [32] .
This study offered a novel method for classifying motor imagery using fNIRS, and firstly attempted to distinguish different levels of force and speed motor imagery. In this study, a 2-class classifier was firstly built, when all force and speed tasks were considered as a category, respectively. The averaged accuracy is 76.7 %. Next, different levels of force and speed were investigated, respectively. Two 3-class classifiers were generated, resulting in accuracies of 61.7 and 64.1 %, respectively. Finally, the 6-class fNIRS-BCI system was built based upon six motor imageries of hand clenching, the averaged classification accuracy is 41.9 %.
The theoretical accuracy for randomly estimating is 50, 33 and 17 % in 2-, 3-, and 6-class case, respectively. However, as reported in [36] , considering the number of trials, the classification accuracy with a 95 % confidence interval was around 65, 50 and 30 % in 2-, 3-, and 6-class paradigm, respectively. The classification accuracies achieved in this study were higher than the estimated classification accuracies in all cases.
Comparison with other works
There have been no studies involving in more than 2-class fNIRS-BCI system based on motor imagery, while our research attempted to construct 3-class and 6-class fNIRS-BCI systems to achieve more degrees of freedom. The classification accuracies of multi-class systems in this study were lower compared with those reported in section Introduction. In this study, due to the inherent time delay of hemodynamic responses, a single trial consists of 32-34 s. Considering the ability of tolerance, participants performed only right-hand clenching imagery. However, in other researches of 2-class cases, the imagery tasks included left-and right-hand imagery [25] , left-and right-wrist motor imagery [24] . The hemodynamic responses occur in right and left motor cortex, and there exist distinct differences in feature sets. Correspondingly, the classification accuracies are higher. These studies researched motor imagery of different limbs, however, the number of human limbs is limited, there is a limitation to produce more degrees of freedom.
In our study, right-hand clenching imageries associated with force and speed are investigated. By defining different levels of force or speed, there provides a method for fNIRS-BCI system to generate more degrees of freedom. As we illustrated in section Introduction, Hong et al. [26] established a three-class fNIRS-BCI system using the combination of prefrontal and motor cortex signals. Mental arithmetic vs. righthand motor imagery vs. left-hand motor imagery were classified with an accuracy of 75.6 %. In our study, the accuracies of 3-class systems are lower than that of this literature. One reason is that the utilized features of our system are only from motor cortex, and another reason in lower classification accuracy is the similarities of morphology in different tasks, Because our experimental paradigm is different kinematic parameter imageries, enough training for participants in future work can improve accuracies.
Study limitations
In this study, the signals were processed offline. However, in BCI applications, online system needs to be built. In future work, the motor imagery paradigm provided in this study will be used in the online system, the real-time multi-class fNIRS-BCI system will be built. The study demonstrates that JMI criterion can select the optimal features for classification, and ELM classifier is easily implemented and less sensitive to specified parameters. The methods of feature selection and classification will be validated in the online system.
In this study, participants performed only right-hand motor imageries due to the ability of tolerance. In future work, both of left and right-hand imageries can be used in the experiment. Due to the long time of the tasks, the number of tasks for each hand can be reduced, maybe performing only three force or three speed tasks. After enough training for participants, the number of tasks can be increased.
Conclusions
In this study, six participants were asked to perform three imageries of hand clenching associated with force and speed, respectively. This study attempts to firstly implement 3-class or 6-class fNIRS-BCI system based on force and speed motor imagery. The classification accuracies are moderate, and this study provides a method to produce more degrees of freedom in fNIRS-BCI system.
